Abstract: This paper aims to improve the predictability of extreme droughts in China by identifying their relationship with atmospheric teleconnection patterns (ATPs). Firstly, a core drought region (CDR) is defined based on historical drought analysis to investigate possible prediction methods. Through the investigation of the spatial-temporal characteristics of spring drought using a modified Mann-Kendall test, the CDR is found to be under a decadal drying trend. Using principal component analysis, four principal components (PCs), which explain 97% of the total variance, are chosen out of eight teleconnection indices. The tree-based model reveals that PC1 and PC2 can be divided into three groups, in which extreme spring drought (ESD) frequency differs significantly. The results of Poisson regression on ESD and PCs showed good predictive performance with R-squared value larger than 0.8. Furthermore, the results of applying the neural networks for PCs showed a significant improvement in the issue of under-estimation of the upper quartile group in ESD, with a high coefficient of determination of 0.91. This study identified PCs of large-scale ATPs that are candidate parameters for ESD prediction in the CDR. We expect that our findings can be helpful in undertaking mitigation measures for ESD in China.
Introduction
Under global warming, the occurrence of extreme climate disasters is predicted to become more frequent, with droughts being one of the most severe disasters [1] [2] [3] [4] . Annually droughts cause 6-8 billion dollars in damages globally, and people who are affected by droughts suffer far more damage than other natural disasters. The number of droughts has been increasing in China, which has experienced even more severe droughts over the past two decades [5] [6] [7] .
Although China occupies 6% of the freshwater in the world, a total volume of 2.8 trillion m 3 , the water availability per capita is only 25% of the global average. Furthermore, uneven spatial-temporal distribution of precipitation has been observed in recurrent droughts in northern China, as well as frequent floods in southern China in the summer, and reverse signals during the spring [1] . Significant economic and societal losses have been incurred due to persistent severe droughts in 1997 and from 1999 to 2002 in northern China [2] . In 2000, droughts affected more than 40 million hectares' agricultural areas [5] . The spring drought in 2011 over southern China has received much attention [6, 8, 9] , as it resulted in more than 1.09 billion dollars in economic losses solely in Hubei Province. For the entire affected area, the destroyed crops exceeded 98.9 million hectares, and more than 4.9 million people and 3.4 million livestock suffered from deficient drinking water. This disaster has strongly impacted agriculture, industry, fisheries, and the daily life of the public. In recent decades, drought has attracted the attention of both the government and the public, and thus, the drying trend in China has been widely examined: Drought areas revealed an expanding trend in northern China in the last half-century using the China-Z index [7] , while a drying signal in North China has also been detected using the surface humidity index during . Drought management has evolved from passive management methods to proactive management methods, including overall risk analysis and hazard assessment [10] . However, it is challenging to define drought precisely due to its different temporal-spatial distribution and water demand of human society. Nowadays most drought studies are based on Palmer Drought Severity Index (PDSI) [11] using soil water balance equation or Standardized Precipitation Index (SPI) [12] using precipitation. Although PDSI can measure both wetness and dryness with statistical accuracy [11, 13] , SPI is preferred in this study due to its flexible temporal scale. Drought forecasting has been widely studied using both statistical and dynamical approaches [14] . Statistical methods are based on historical records, such as artificial neural networks and extreme learning machines [15] . Dynamical approaches refer to climatological or hydrological models based on variables (e.g., air temperature and precipitation) from atmospheric-ocean general circulation models (GCMs). Although well-designed statistical methods perform better in China, physical processes that are highlighted by dynamic models are often ignored [16] .
As multiple causes generate droughts [17] , it is recommended to examine the impact of atmospheric circulation anomalies [18] because of their protracted feedback on climate [19] , which can be used to predict drought. As the spring drought in 2011 over southern China caused substantial social and economic losses, the causes of this drought have been widely investigated to avoid such great economic loss by accurately forecasting drought. Atmospheric circulation patterns have been found to exert significant influence in this event-the La Niña event in 2010-11 decreased the moisture transfer from tropical oceans to southern China and strengthened the dry flow from Siberia to China, while the positive North Atlantic Oscillation (NAO) in January-May 2011 also led to drier conditions in China through sub-polar and subtropical waveguides [4] . Jin et al. [9] reveal that the persistent spring drought events in 2011 were caused by maintenance of the quasi-stationary waves at middle-high latitudes and anomalous thermal-forcing over southeast Asia, which is possibly related to La Niña events. Zhang et al. [20] suggested that the western Pacific subtropical high may have a significant influence on drought patterns in China. Wu et al. [21] analyzed the relationship between recent drought events in Southwest China and anomalous atmospheric circulation patterns and stressed the need to detect the influencing factors, such as the Arctic Oscillation (AO). Although there are also apparent changes in spring rainfall, the mechanism for spring drought has received little attention and remains to be evaluated. Xin et al. [22] found that NAO is inversely correlated with the late spring upper-troposphere temperature with a three-month lag time over central China, and the inter-decadal change of winter NAO may cause the decrease in South China late spring rainfall. Kim et al. [23] found a three-month lagged correlation between NAO and spring precipitation in Korea and suggested that NAO be a possible parameter for drought forecasting. Understanding the atmospheric circulation patterns (ACPs) influencing drought development is essential in the management of this spatially extensive and recurrently prolonged natural hazard [24] .
Therefore, the purpose of this study was to investigate the spatial-temporal characteristics of extreme droughts and to improve the prediction of extreme droughts related to large-scale atmospheric teleconnection patterns over China. The following questions were considered in this study: 1) What are the spatial-temporal characteristics of extreme droughts in China? 2) What is the association of extreme droughts linked with large-scale atmospheric teleconnection patterns across China? 3) How can we predict extreme droughts in the core drought region in China?
Data and Method
The daily precipitation data used in this study are complete data from 1961 to 2017 from 537 stations over China ( Figure 1a shows the location of stations and Chinese topography), provided by the China Meteorological Data Service Center. Figure 1b shows the annual precipitation (mm) and nine major river basins in China. In this study, a seasonal Standardized Precipitation Index (SPI) is estimated to detect extreme drought conditions (SPI < −1.5).
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The daily precipitation data used in this study are complete data from 1961 to 2017 from 537 stations over China ( Figure 1a shows the location of stations and Chinese topography), provided by the China Meteorological Data Service Center. Figure 1b shows the annual precipitation (mm) and nine major river basins in China. In this study, a seasonal Standardized Precipitation Index (SPI) is estimated to detect extreme drought conditions (SPI < −1.5). Table 1 . One of the most important teleconnection patterns [25] is NAO, which is a north-south dipole (Greenland and central latitudes of the North Atlantic between 35 • N and 40 • N) of anomalies and shows considerable inter-annual or multi-decadal variability [26] . Several studies suggest that the preceding winter NAO will affect the early spring temperature in East Asia [27] . Sun and Yang [15] also find that the positive NAO might arouse an anomalous anti-cyclonic circulation over the North Atlantic and western Europe regions and lead to severe drought in southern China in spring 2011.
EA is the second prominent pattern of low-frequency variability across North Atlantic which is structurally similar to the NAO and consists of a north-south dipole of anomaly centers displaced southeastward to the approximate nodal lines of the NAO mode. EA/WR is one of three prominent teleconnection patterns affecting Eurasia all over the year and consists of four main anomaly centers. The main surface temperature anomalies linked with positive EA/WR reflect above-normal temperatures in East Asia and below-normal temperatures across western Russia and northeastern Africa. SCA consists primarily of circulation center in Scandinavia, with weaker centers across western Europe and eastern Russian/west Mongolia. POL exists whole the year and is linked with fluctuations in the intensity of the circumpolar circulation. WP is a primary pattern of low-frequency variability in North Pacific consisting of a north-south dipole of anomalies [25] (the Kamchatka Peninsula and portions of southeastern Asia and the western subtropical North Pacific) during winter and spring. PNA is an important pattern of low-frequency variability in the Northern Hemisphere extra-tropics. Although PNA is a natural internal pattern of climate variability, it is also strongly influenced by the El Niño/Southern Oscillation (ENSO) phenomenon. TNH was first proposed by Mo and Livezey [28] and exists as a wintertime pattern.
Trend analysis is often used to detect changes in time-series data. One of the commonly used non-parametric trend tests is called the Mann-Kendall (MK) test [21, 22, 29, 30] . The null hypothesis H 0 indicates that sample data (X i , i = 1, 2 . . . , n) are randomly ordered and there is no trend, while the alternative hypothesis H 1 represents a monotonic trend in X. MK test uses Z to denote the trend in time-series data: The symbol of Z represents the trend direction (positive for an upward trend, vise-versa for negative), and the magnitude of Z relates to the slope of trend and the significance level, where |Z| > 1.64 for the 10% significance level and |Z| > 1.96 for the 5% significance level. Because the existence of autocorrelation in the dataset will affect the probability of detecting trends, which is often ignored, Hamed and Rao [31] developed a modified non-parametric trend test whose accuracy is better than the original MK test when considering empirical significance level. In this study, the modified MK test is adopted.
For multiple possible prediction parameters, we first extracted several principal components (PCs) using principal component analysis (PCA) [32] , a function-reduction method, to account for a large part of the variance of original parameters and to predict decadal extreme spring droughts (ESDs). The tree-based model [8, 33] is then used to classify extreme droughts (response variables) in spring based on the PCs (potential precursors). Poisson regression, which is often used for prediction of count data, as well as neural networks are adopted for predicting ESDs. Neural networks, which is more often called artificial neural networks (ANN), are nonlinear models that can discover data patterns and estimate complex relationship with high accuracy [2] . Among many types of neural networks, a feed-forward ANN comprising of multiple neurons arranged in layers is the most popular model for time-series forecasting [32] . ANN is typically made up of several layers of nodes. Input and output layers receive external information and export results. One or more intermediate layers contains the complex calculation processes, which is often described as a black box. Next, Receiver Operating Characteristics (ROC) analysis, which was initially developed during World War II for classifying radar signals from noise [34] , is used to test the results of Poisson regression and neural networks. ROC analysis is typically used to evaluate the performance of a statistical classification model based on the sensitivity (TPR, true positive rate) and 1-specificity (FPR, false positive rate), which can be estimated by:
where TP indicates that the predicted and original results are both true, FP indicates that the predicted result is true, but the original result is false, TN indicates that the predicted and original results are both false, and FN indicates that the predicted result is false, but the original result is true. More details about ROC are described by Zou et al. [34] .
Results

Diagnostic Analysis of Historical Spring Droughts in China
In • E in the higher atmosphere and 100 • E-125 • E in the lower atmosphere. As there are limited meteorological stations and the effect of meridional wind is also weaker on local weather due to high altitude over China in the region 70 • E-90 • E, the significant influence of weaker meridional wind that can also be detected comes from the range 100 • E-125 • E, where extreme drought prevails. The mechanism that weaker meridional wind led to lower precipitation is also apparent-less moisture is transferred by meridional wind from the south sea to land in the north.
In 2007, a drought disaster struck southern China, including south of Yangtze river basin, Pearl river basin, and Southeast river basin, where the population is densely distributed, and the economy is very prosperous, and drought can cause much more significant social and economic loss. Although approximately only 20 stations are undergoing extreme drought, the large spatial scale of this disaster also appeals for public attention. In the corresponding longitude (100 • E-120 • E), blue color prevails in the meridional wind graph. Although there was stronger meridional wind in the upper atmosphere, its influence on drought appears to be weaker due to thin air.
As mentioned before, an extreme drought occurred during the spring of 2011, which is displayed by Figure 2c1 . Large parts of Yangtze river basin and part of Huaihe/Southeast/Pearl river basin suffer striking extreme drought. Figure 2c2 shows the composite anomaly of meridional wind at 20
• N-40 • N and 70 • E-130 • E. Over the drought region, the meridional winds were weaker than normal throughout the entire atmospheric layer. This strong correlation may be a useful signal to predict extreme drought over China.
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Changes in Spring Precipitation and Extreme Droughts in China
The trend of spring precipitation and extreme drought is shown in Figure 3 . The shift in spring precipitation indicates a significant decadal drying trend in central China (125 stations with 10% significance and 103 stations with 5% significance), which matches the CDR well. In CDR, there are 68 stations (53%) and 56 stations (43%) showing a decrease in spring precipitation with 10% and 5% significance, respectively. Although northeastern China has received more rainfall, the major water resources in China come from precipitation in central and southeast China, where the population is densely distributed, and industry is relatively more prosperous. As central China is more waterdemanding and undergoes a decrease in spring rainfall, it is vital to study the influence of decadal water resource reduction on water resource management in this region. Compared to the trend of spring precipitation, a smaller area around the lower reach of the Yangtze river basin suffers more frequent ESD, where 43 (33%) and 24 (19%) stations in CDR show an increase in ESD frequency at 10% and 5% significance levels, respectively. Owing to the enormous economic losses caused by drought disasters, the cause and prediction methods of ESD are studied in this paper to promote better mitigation measures. 
The trend of spring precipitation and extreme drought is shown in Figure 3 . The shift in spring precipitation indicates a significant decadal drying trend in central China (125 stations with 10% significance and 103 stations with 5% significance), which matches the CDR well. In CDR, there are 68 stations (53%) and 56 stations (43%) showing a decrease in spring precipitation with 10% and 5% significance, respectively. Although northeastern China has received more rainfall, the major water resources in China come from precipitation in central and southeast China, where the population is densely distributed, and industry is relatively more prosperous. As central China is more water-demanding and undergoes a decrease in spring rainfall, it is vital to study the influence of decadal water resource reduction on water resource management in this region. Compared to the trend of spring precipitation, a smaller area around the lower reach of the Yangtze river basin suffers more frequent ESD, where 43 (33%) and 24 (19%) stations in CDR show an increase in ESD frequency at 10% and 5% significance levels, respectively. Owing to the enormous economic losses caused by drought disasters, the cause and prediction methods of ESD are studied in this paper to promote better mitigation measures. 
Extreme Spring Drought Prediction in the CDR
PCA has been applied on the eight possible precursors of ESD to obtain linearly uncorrelated variables (PCs). The dimension reduction result is shown in Table 2 . Although there are many rules to select PCs-based upon eigenvalues of the covariance matrix of dataset or proportion of variancewe select PCs according to the requirement and result of the following analysis. Based on PC1 and PC2, we use a tree-based model to classify ESD frequency in CDR into three groups, as shown in Figure 4 (a): Group 1, PC1 >= 0.04479; Group 2, PC1 < 0.04479 and PC2 < −0.02289; Group 3, PC1 < 0.04479 and PC2 >= −0.02289. From the empirical probability density of ESD frequency of each group in Figure 4(b) , Group 3 shows a higher probability in higher ESD frequency. 
PCA has been applied on the eight possible precursors of ESD to obtain linearly uncorrelated variables (PCs). The dimension reduction result is shown in Table 2 . Although there are many rules to select PCs-based upon eigenvalues of the covariance matrix of dataset or proportion of variance-we select PCs according to the requirement and result of the following analysis. Based on PC1 and PC2, we use a tree-based model to classify ESD frequency in CDR into three groups, as shown in Figure 4a : Group 1, PC1 ≥ 0.04479; Group 2, PC1 < 0.04479 and PC2 < −0.02289; Group 3, PC1 < 0.04479 and PC2 ≥ −0.02289. From the empirical probability density of ESD frequency of each group in Figure 4b , Group 3 shows a higher probability in higher ESD frequency. Figure 4c uses PC1 and PC2 to partition ESD, where blue background means Group 1 and red for Group 3. The red triangles and blue inverted triangles represent upper and lower quantile of ESD, with all red triangles located in Group 3 and all blue inverted triangles in Group 1. That is, when PC1 < 0. 04479 and PC2 ≥ −0.02289, the ESD frequency is significantly greater. This result may be used as an effective warning signal-when PC1 < 0.04479 and PC2 ≥ −0.02289, the drought risk is higher over CDR. ESD frequency is count data and shows a strong correlation with PCs. Consequently, we used Poisson regression and neural networks to predict ESD. After trying different options to select PCs, we choose PC1~4 as prediction parameters, which gives much better results than PC1~3 and cannot be significantly improved by additionally choosing PC5. Table 3 shows the coefficients of each possible predictors and the corresponding p-values (all p-values are near to 0) using Poisson regression, while the coefficient of determination (R-squared value) between original ESD and simulated results by Poisson regression is 0.834, which strongly suggests these variables to be prediction parameters. After testing the effectiveness of four candidate predictors, we used leave-one-out cross-validation to investigate the predictability of Poisson regression and neural networks. The predicted ESD versus original records is given in Figure 5a ,b, where the high R-squared value (0.791 for Poisson regression and 0.924 for neural networks) suggests PCs of teleconnection indices to be useful in the prediction of ESD over CDR. In addition, the application of the neural networks to the PCs resulted in a significant improvement in the under-estimation of the top quartile group in ESD with a high determinant (R 2 = 0.924). For the ROC analysis, we predict the ESD of one decade for each time using Poisson regression and neural networks, and then classify the predicted result and original ESD based on thresholds, ranging from minimum to maximum ESD, to be positive (both greater than, equal to or less than the threshold) or negative. After that, we plot the results as shown in Figure 5c ESD frequency is count data and shows a strong correlation with PCs. Consequently, we used Poisson regression and neural networks to predict ESD. After trying different options to select PCs, we choose PC1~4 as prediction parameters, which gives much better results than PC1~3 and cannot be significantly improved by additionally choosing PC5. Table 3 shows the coefficients of each possible predictors and the corresponding p-values (all p-values are near to 0) using Poisson regression, while the coefficient of determination (R-squared value) between original ESD and simulated results by Poisson regression is 0.834, which strongly suggests these variables to be prediction parameters.
After testing the effectiveness of four candidate predictors, we used leave-one-out crossvalidation to investigate the predictability of Poisson regression and neural networks. The predicted ESD versus original records is given in Figures 5a and 5b , where the high R-squared value (0.791 for Poisson regression and 0.924 for neural networks) suggests PCs of teleconnection indices to be useful in the prediction of ESD over CDR. In addition, the application of the neural networks to the PCs resulted in a significant improvement in the under-estimation of the top quartile group in ESD with a high determinant (R 2 = 0.924). For the ROC analysis, we predict the ESD of one decade for each time using Poisson regression and neural networks, and then classify the predicted result and original ESD based on thresholds, ranging from minimum to maximum ESD, to be positive (both greater than, equal to or less than the threshold) or negative. After that, we plot the results as shown in 
Summary and Conclusions
This study analyzed the trend of spring precipitation and ESD frequency and their lagged correlation with atmospheric teleconnection patterns over China to detect the characteristics and causes of ESD and improve its predictability. Based on complete daily precipitation data from 1961-2017 covering 537 stations over Chia, SPI3 are computed for drought analysis. The main results are summarized as follows. In recent decades (2001/2007/2011), central and southeast China has undergone several severe drought disasters. Therefore, a CDR over 25 °N-35 °N, 105 °E-120 °E under more severe drought risk is defined for drought prediction in this study. According to modified MK test on spring precipitation and ESD, it was found that there is a significant decadal drying trend in central and southeast China, which is approximately identical with CDR. To predict drought events over CDR, eight teleconnection indices have been chosen as candidate parameters through lagged correlation analysis. Firstly, PCA is employed to extract useful information in predictors and reserve it in linearly uncorrelated variables, and then these PCs are adapted to conduct further forecasting analysis.
Based on PC1 and PC2 using the tree-based model, ESD over CDR is classified into three groups, where ESD frequency is higher in Group 3 according to the empirical probability function. This result may be used as a useful warning signal-when PC1 < 0. 04479 and PC2 >= −0.02289, the drought risk is higher over CDR. When we use Poisson regression to model ESD over CDR, the coefficient of determination between the model result and original ESD has reached 0.834, which strongly suggests these variables to be prediction parameters.
ESD over CDR is well predicted by Poisson regression and neural networks using PCs, with the R-squared value equal to 0.834 and 0.914. The ROC evaluation of the prediction results also suggests these two models be candidate prediction techniques. In addition, this study identified the applicability of the ESD prediction in China's CDR through combined neural networks and PCs for ATPs. The results of the study were based on limited observations, but this study makes it possible to diagnose ESD and clarify its drought prediction techniques and practical strategies for coping with ESD in China. Then Leave-one-out cross-validation is applied to investigate the predictability of Poisson regression and neural networks. The higher R-squared value 0.924 for neural networks (compared to 0.791 for Poisson regression) reveals that ESD over CDR is highly predictable using PCs and appropriate methodology. Besides, the application of the neural networks to the PCs resulted in a significant improvement in the under-estimation of the top quartile group in ESD. Using the ROC analysis, ten thresholds around 100 can lead to a perfect classification result with FPR = 0 and TPR = 
This study analyzed the trend of spring precipitation and ESD frequency and their lagged correlation with atmospheric teleconnection patterns over China to detect the characteristics and causes of ESD and improve its predictability. • E under more severe drought risk is defined for drought prediction in this study. According to modified MK test on spring precipitation and ESD, it was found that there is a significant decadal drying trend in central and southeast China, which is approximately identical with CDR. To predict drought events over CDR, eight teleconnection indices have been chosen as candidate parameters through lagged correlation analysis. Firstly, PCA is employed to extract useful information in predictors and reserve it in linearly uncorrelated variables, and then these PCs are adapted to conduct further forecasting analysis.
Based on PC1 and PC2 using the tree-based model, ESD over CDR is classified into three groups, where ESD frequency is higher in Group 3 according to the empirical probability function. This result may be used as a useful warning signal-when PC1 < 0. 04479 and PC2 ≥ −0.02289, the drought risk is higher over CDR. When we use Poisson regression to model ESD over CDR, the coefficient of determination between the model result and original ESD has reached 0.834, which strongly suggests these variables to be prediction parameters.
ESD over CDR is well predicted by Poisson regression and neural networks using PCs, with the R-squared value equal to 0.834 and 0.914. The ROC evaluation of the prediction results also suggests these two models be candidate prediction techniques. In addition, this study identified the applicability of the ESD prediction in China's CDR through combined neural networks and PCs for ATPs. The results of the study were based on limited observations, but this study makes it possible to diagnose ESD and clarify its drought prediction techniques and practical strategies for coping with ESD in China. Then Leave-one-out cross-validation is applied to investigate the predictability of Poisson regression and neural networks. The higher R-squared value 0.924 for neural networks (compared to 0.791 for Poisson regression) reveals that ESD over CDR is highly predictable using PCs and appropriate methodology. Besides, the application of the neural networks to the PCs resulted in a significant improvement in the under-estimation of the top quartile group in ESD. Using the ROC analysis, ten thresholds around 100 can lead to a perfect classification result with FPR = 0 and TPR = 1 based on neural networks. Based on the above analysis, we highly suggest that the excellent classification result of ESD based on PC1 and PC2 and the high predictability using neural networks on ESD may be helpful in drought management in central and southeast China.
